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Abstract. In cloud era, Web APIs have been the best carrier for ser-
vice delivery, capability replication and data output in multi-service
application development. Currently, the number of Web APIs on the
Internet is huge and growing exponentially. To enable accurate and fast
Web API selection for developers, researchers have proposed a variety
of Web API recommendation methods. However, existing methods can-
not solve the inherent data sparsity problem well. In addition, existing
methods use context information indirectly by finding neighbors or dis-
cretely through embedding techniques, while rich semantic information
in the Web API ecosystem is ignored. To solve the above problems, we
firstly crawl and analyze Web API data to construct a Web API knowl-
edge graph, which laid a data foundation for alleviating the data spar-
sity problem. Then, we propose a knowledge graph-enhanced Web API
recommendation model, so as to improve recommendation accuracy by
capturing high-order structural information and semantic information.
Typically, multivariate representations of user and Web API are made
by the neighbor information propagation in Web API knowledge graph.
The proposed model supports end-to-end learning for beneficial feature
extraction. Finally, experiments results demonstrate the proposed model
outperforms baselines significantly, thereby promoting the development
of Web API economy.
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1 Introduction

Service-oriented architecture (SOA) is an enterprise-wide approach to agile appli-
cation development as well as a collection of design principles that support loose
coupling and reusability of different components in distributed applications [1].
Nowadays, SOA is changing the way of software development, which enables
software development through the cloud by seamlessly composing readily inter-
operable service components [2], with each service component being responsible
for a small subset of the application’s functionality. On one hand, developers
are able to invoke existing services for many required functionalities rather than
write one start-to-finish set of codes after another, avoiding repeated wheel rein-
venting, long development cycles, and improving application elasticity. On the
other hand, enterprises release their core business capabilities and valuable data
in the form of services, realizing the maximum utilization of their legacy assets.
Therefore, with the rise of SOA, software development has currently started
undergoing a major shift from monolithic applications, to graphs of hundreds of
loosely-coupled service components, and multi-service applications have become
the de-facto standard for delivering today’s enterprise IT applications [3].

Currently, Web API is the mainstream technology to realize SOA. Different
from the traditional SOAP based Web services, Web API is based on a simpler
REST architecture and has attracted great attention due to the advantages of
easy access, easy composition and lightweight [4]. Web APIs serve as the fun-
damental building blocks of modern software that provide direct and indirect
cloud services and data to developers. Hence, developers can combine different
kinds of existing Web APIs to achieve required functions in almost any dis-
tributed multi-service application today [5], which greatly reduces the burden of
developers and improves developer agility and productivity. For instance, devel-
opers only need to focus on their key business process of the check-in system,
rather than designing and training a complex face recognition algorithm for the
implementation of identity authentication module. Hence, with the increasing
complexity of distributed application system, learning and invoking Web API
has become a common activity and a key challenge in modern multi-service
application development.

In recent years, multi-service application drives the formation and the
increasing prosperity of Web API economy. As a result of such a driving force,
the number of Web APIs on the Web is huge and growing exponentially [6]. Many
Web API sharing platforms appear on the Internet, such as ProgrammableWeb,
RapidAPI and APIList. Although rich Web API resources provide users with
more choices, it is difficult for developers lacking expertise to quickly choose
appropriate Web APIs that meet their personalized needs, due to the fact that
there are a large number of Web APIs with similar functionalities on the Web.
We note that ProgrammableWeb and other platforms provide the way of key-
word and tag search, but the returned results through keyword or tag search
are not satisfactory. This passive retrieval method is not conducive to meeting
the needs of developers for Web APIs, thereby hindering the efficient software
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development. Therefore, the active and personalized Web API recommendation
has become an urgent problem to be addressed.

Among some methods that have been proposed to solve the personalized
recommendation of Web API, neighborhood-based recommendation method
has been widely understood and applied in the field of recommendation.
Neighborhood-based recommendation is one line of collaborative filtering
method [7], which works by searching a group neighbors for the target user
or Web API based on the calculated similarity using the historical interaction
data between user and Web API, user’s preference to the target Web API can be
predicted by these selected neighbors, and the final Web API recommendation
list is generated based on the predicted preferences [8]. Noting that the number
of available Web APIs on the Internet is huge, a single user only used a few of
them, and thus the user-Web API interaction matrix is usually sparse in real Web
API ecosystem. In such data sparse situations, the similarity between users in
neighborhood-based methods may be exaggerated. Faced with the unavoidable
problem of data sparsity, neighborhood-based method has the disadvantages of
low accuracy. Model-based methods use some machine learning algorithms to
train the vector of items, and then build a model to predict the probability that
a user will have a demand for a Web API [9]. Although data sparsity is alleviated
by avoiding similarity calculation, the interaction between users and Web APIs
in real scenarios is complex and nonlinear, the simple linear dot product calcu-
lation in model-based recommendation methods limits the prediction accuracy
[10]. In recent years, with the strong representational learning ability of deep
learning, deep learning is able to establish the complex interaction relationship
between user and Web API, which provides promising opportunities to advance
Web API recommendation.

However, there are still some challenges on the research road of realizing
accurate Web API recommendation. Specifically, there are the following chal-
lenges:

(1) The widely used embedding technology in deep learning method only produces
single user and API representation, which makes the inevitable data sparsity
still not resolved effectively. Existing deep learning based Web API recom-
mendation methods usually use embedding technology to transform users,
Web APIs and their attribute features into dense vectors. The interactive
relationship between users and Web APIs attempts to be captured by the
complex and deep network structure. However, it is easy to produce over
fitting problem when the deep learning model is complex with small amount
of training data, which makes the sparsity problem still unresolved and even
more serious.

(2) High-order structural information and semantic information are ignored in
many existing Web API recommendation methods, which make the accu-
racy of Web API recommendation results still unsatisfactory. There is a lot
of contextual information in the interaction between users and APIs, but
they are not fully exploited. However, in practical scenario, user, API, and
contextual information are not independent of each other, but have rich
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semantic and associated relationships. Using these relationships can effec-
tively enrich and enhance the intrinsic feature representation of the user and
Web API, thus providing a promising solution to solve the sparsity problem
and improve accuracy.

(3) Ewxisting feature representation methods strongly rely on the use of feature
engineering for beneficial feature extraction, which cannot achieve end-to-
end training and reduce the scalability of the model. Many existing studies
believe that contextual information between user and API interaction can
effectively solve the sparsity problem, but not all contextual information is
beneficial. Therefore, identifying beneficial contexts is the key to improve
the accuracy of recommendation. Existing methods mostly depend on the
tedious manual features engineering for beneficial feature extraction. How-
ever, this method cannot be generalized to the patterns in untrained samples
and cannot realize end-to-end training, and thus reducing the scalability of
recommendation model.

To further improve the accuracy of recommendation, we consider introducing
knowledge graph into Web API recommendation. Knowledge graph is a seman-
tic network graph that describes various entities and their relationships in the
objective world, which can be used as an effective tool to describe the entities
and their relationships in Web API ecosystem. With structured Web API knowl-
edge, knowledge graph provides the ability to analyze problem from a “relation”
perspective, and provides a new way to solve the above challenges. In this paper,
we introduce a knowledge graph enhanced Web API recommendation approach,
named KGWARec, which makes full use of the multivariate representation of
user and Web API to mimic a decision-making process where the multivariate
representation is determined by the high-order structural and semantic infor-
mation through neighbor information propagation in our established Web API
knowledge graph. Specifically, a user/Web API as a node in knowledge graph is
represented by his/her multi-hop neighbors in our constructed Web APT knowl-
edge graph through information propagation, so as to realize the multivariate
representation of user and Web API. Through estimating the preference of user
on the target Web API, we can generate effective Web API recommendation
list for multi-service application developers. Since our embedding representation
of user and Web API is a multivariate representation, which can automatically
discover users’ hierarchical potential interests and capture Web APIs’ potential
multivariate representation by iteratively propagating information in a knowl-
edge graph, generating accurate Web API recombination results.

In conclusion, the contributions of this paper are as follows:

(1) We construct a Web API knowledge graph based on the crawled data from
real-world Web API platform ProgrammableWeb, which provides a new per-
spective of mining potential interest of users and multivariate representation
of Web APIs from the perspective of semantic relations.

(2) We develop a multivariate representation method for users and Web APIs
based on knowledge graph, wherein high-order structural information and
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semantic information are captured, which has a better capability to predict
accurate preference of user on the target Web API in the data sparse case.

(3) We propose a knowledge graph enhanced Web API recommendation model
via neighbor information propagation with an end-to-end training manner,
wherein no prior knowledge of feature representation is needed in the train-
ing.

The reminder of this paper is organized as follows. We review works related to
our approach in Sect. 2. We describe the Web API knowledge graph construction
and formulate our recommendation task in Sect. 3. In Sect. 4, we introduce the
details of the proposed approach. We through extensive experiments prove the
effectiveness and superiority of our approach in Sect. 5. Finally, we conclude this
paper and discuss our future works.

2 Related Works

2.1 Collaborative Filtering Based Web API Recommendation

Collaborative filtering based Web API recommendation method is a traditional
recommendation method that appeared earlier and has a wider range of uses.
Because the idea of collaborative filtering method is easy to understand and
accept, many researchers improve the accuracy of Web API recommendation by
improving collaborative filtering method. Tang et al. [11] integrate the spatial
information of users and Web services in the traditional similarity calculation
process. Chen et al. [12] use the user’s credit and spatial context information to
improve the accuracy of similarity calculation. Collaborative filtering based Web
API recommendation method still mainly relies on the user’s historical usage
records. However, it can be noticed from observation that among the platforms
that provide Web API, the number of Web APIs is very large, but the number
of Web APIs used by users is small, and the user-Web API historical interaction
matrix is very sparse. Satisfactory recommendation results cannot be obtained
under such conditions.

2.2 Model Based Web API Recommendation

Different from neighborhood based methods that only use neighbors for predic-
tion, model based methods usually use the overall data to learn a prediction
model to solve the high sparsity problem. The most representative matrix fac-
torization (MF) method projects the high-dimensional sparse matrix into two
low-dimensional dense matrices, and uses the obtained matrices to discover the
user’s preference for Web API [13]. Fletcher [14] propose a MF method that
considers the quality features of Web APIs, which enhances the quality and
the diversity of Web API recommendations. Chen et al. [15] assume that sim-
ilar neighbors have similar latent feature, and a MF model that considers the
neighborhood is proposed by integrating the diversified neighbors of the API.
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Although model-based methods can effectively alleviate the problem of data
sparsity and improve the accuracy of recommendations by introducing similar
relationships and contextual information, model-based Web API recommenda-
tion methods still have the problem that the performance decreases as the spar-
sity and dimensionality of the input data increase. And it is also difficult to accu-
rately determine the optimal dimension of the low-dimensional dense matrices in
practical applications. In addition, Web API recommendation systems often lack
explicit scoring data and usually need to use implicit interaction data. However,
researchers have found that MF is more suitable for explicit feedback matri-
ces, while the results of the feedback matrix for implicit behavior are not ideal
[16]. Therefore, model-based methods still have great limitations in Web API
recommendation.

2.3 Deep Learning Based Web API Recommendation

Deep learning method integrate heterogeneous side information such as feed-
back data, social networks, attributes and so on to optimize the recommenda-
tion results. In recent years, there have been many applications of deep learning
in Web API recommendation: Xiong et al. [17] propose a deep hybrid service
recommendation (DHSR) model that integrates MLP and text similarity calcu-
lations to learn the nonlinear relationship between mashups and Web APIs. Cao
et al. [18] use Doc2Vec and attention factorization machine (AFM)to extract
and identify the importance of each feature of Web API and then realize the
modeling of multi-dimensional information. Zhao et al. [19] propose a Web API
recommendation method using feature integration and learning ranking. This
method uses the text, nearest neighbor, Web API specific feature and tag of Web
APIs to estimate the correlation between Web APIs. Web API recommendation
based on deep learning converts information such as attributes and context into
a single feature vector input model, and there are still a large number of poten-
tial associated semantic information between various information that does not
play a role. Knowledge graph can show the complete ecology of a field in the
real world, mainly through the relationship to complete the connection between
things. Therefore, consider introducing knowledge graphs to further improve the
performance of Web API recommendation methods.

2.4 Knowledge Graph Based Web API Recommendation

Recently, researchers began to pay attention to how to make full and in-depth
use of the information in the knowledge graph for knowledge perception recom-
mendation [20]. Due to the existence of a large number of potential users, associ-
ation information and attribute information between various individuals in Web
API ecosystem, the recommendation method based on knowledge graph has also
begun to emerge in the field of Web API recommendation. Kwapong et al. [21]
presented a knowledge graph based framework for Web API recommendation,
and show how to use knowledge graph to improve Web API recommendation
with side information. Based on the above framework, a method for mashup tag



26 7. Chen et al.

recommendation is further proposed [22]. Wang et al. [23] designed a knowledge
graph schema to encode the mashup-specific contexts and model the mashup
requirement with graphic entities, and then exploit random walks with restart
to assess the potential relevance between the mashup requirement and the Web
APIs according to the knowledge graph. Geng [24] used KGCN to mine the
high-order relationship between Web services and mashup preference, and adopt
Doc2Vec model to get the semantics of mashups. Inspired by the above work,
this paper uses the knowledge graph neighbor information propagation method
to obtain the neighbors of the Web API and the user, and makes full use of the
attribute information and colorful relationship information of various entities in
the Web API knowledge graph to generate multiple representations of the user
and the Web API, and then achieve accurate recommendation.

3 Preliminaries

3.1 Web API Knowledge Graph Construction

Knowledge graph provides the ability to make Web API recommendation from
a “relation” perspective. We construct a Web API knowledge graph according
to the following steps: data acquisition, knowledge extraction and knowledge
integration.

Stage 1: Data acquisition. We collect data from ProgrammableWeb, which
contains name, category, label and other detailed information of Web APIs,
mashups, users and so on.

Stage 2: Knowledge extraction. We propose a Web API knowledge extraction
method based on top-down analysis. Specifically, we first use graph mapping to
define the top-level entity relationship pattern, and then extract the entity and
relation knowledge according to the relationship pattern. Finally, seven types of
entities and eight types relations are extracted.

Stage 3: Knowledge integration. Based on the crawled data and the extracted
entity and relation knowledge, we form the knowledge of Web API ecology in
the form of triple (head entity-relationship-tail entity).

Based on the above process, the statistics of the Web API knowledge graph
we built are shown in Table 1.

3.2 Problem Formulation

For the Web API ecosystem in real world, we have a set of users U = {uy, ua, ...},
a set of Web APIs A = {aj,a2,...} and the user-Web API interaction matrix
Y = {yua | u € U,a € A}. The user-Web API interaction matrix Y is defined
by whether a user has used a Web API. The multi-service application Mashup
consists of Web APIs with various functions, which builds usage relationship
between Web APIs invoked by the Mashup and the Mashup developer. Specifi-
cally, if user u has used the Web API a, then y,, = 1, otherwise, y,, = 0. Web
API knowledge graph is a semantic network and can be expressed as a collection
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Table 1. Statistics of the built Web API knowledge graph

Name Knowledge type | Count

Web API Entity 21,126
User Entity 147,566
Web API Category Entity 421
Web API Secondary Category | Entity 925
Web API Tag Entity 7,617
Mashup Entity 7,621
Provider Entity 6,529
(Web API, belong, Category) | Triple relation 21,070
(Web API, belong, SCategory) | Triple relation 49,120
(Web API, has, Tag) Triple relation 50,878
(User, follow, Web API) Triple relation | 567,044
(Provider, provide, Web API) | Triple relation 26,048
(User, follow, Mashup) Triple relation 15,180
(User, develop, Mashup) Triple relation 5,516
(Mashup, invoke, Web APT) Triple relation 13,138

of triples G{(h,r,t)}, where (h,r,t) denotes the knowledge triple, h € €, r € R,
t € € are the head entity, relation and tail entity of a knowledge triple respec-
tively, and the symbol € and R represent the entity set and relation set in the
Web API knowledge graph respectively.

The knowledge graph enhanced Web API recommendation problem can be
formulated as: given user-Web API interaction matrix Y and Web API knowl-
edge graph G, our goal is to predict whether user u has potential interest to the
Web API a that user u has not used before. Specifically, our task is to learn a
prediction model

gu,a :f(uvan/vg) (1)

where ¢, , denotes the preference probability that user v may use Web API a
in the future.

4 Methodology

In this section, we describe the proposed KGWARec in detail. We first intro-
duce the overall framework of KGWARec. Then, we present the modeling process
of KGWARec from three aspects: preprocessing layer, multivariate representa-
tion layer and prediction layer. Finally, the learning algorithm of KGWARec is
described.
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4.1 Framework

Figure 1 shows the framework of KGWARec, consisting of preprocessing layer,
multivariate representation layer and prediction layer.

|Useru |

Invoke | User's neighbor information propagation
Web APl invoked i S} hr) e propagation SHan~ ... S e
1| by user in history 4, User neighbor information set User neighbor information set Jser neighbor information set
= (BRI softmax > T [E—)— ,_@_n
o Weighted [ \ Weighted
NG average average
Web APl embedding | | | [/ Softsax -->mrm |[RE} > softmax T Tag

I

Multivariate representation of user
[ web APIa |

Invoke | Web APT's neighbor information propagation i

User who invoked | St (hr)=r propagation S2 (hr)et S7 (kr)= !
| webariy, H : ) ) ey predicted |
' 'Web API neighbor set 'Web API neighbor ul\fiﬂ.ﬂ:ﬂn set] 'Web API neighbor probability!
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Web API
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Fig. 1. Overview of the proposed KGWARec.

(1) Preprocessing layer. The goal of this layer is to generate an initial embedding
vector for a given user and a given Web API. The preprocessing layer makes
sufficient preparation for the following multivariate representation layer.

(2) Multivariate representation layer. This layer is mainly applied to iteratively
calculate the feature representation of users and Web APIs after each layer
of propagation through the neighbor information obtained at each hop, so
as to propagate and expand the initial neighbor information.

(3) Prediction layer. This layer uses the multivariate representations of users
and Web APIs learned in the previous layer to predict the probability of
users using candidate Web APIs.

4.2 Modeling

Preprocessing Layer

The preprocessing layer mainly uses the user-Web API interaction records
to make initial preparation for propagation and calculation of the multi-
representation layer. For the input user and Web API, they are initialized by the
dense embedding technique. These embedded feature vectors are later sent to
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the multivariate representation layer for iterative interaction. Combining all Web
APIs used by the user before into a collection, we define the user history usage
collection, which can be expressed as: A, = {a | Web API used by wuseru}.
The characteristics of Web APIs used by users in history contain the needs of
users. Using these Web APIs as initial neighbor nodes can expand and propagate
users’ interests and explore users’ deep intentions.

Similarly, all users who have used the candidate Web API constitute the his-
torical user set of the Web API, U, = {u | user who wused Web API}. On
the knowledge graph of Web APIs, the neighbors of one Web APT can describe
the characteristics of the Web API from a certain point of view, and the propa-
gation of neighbor information also starts from the user entity node. The initial
neighbor node is also the head entity in the one hop neighbor information set.

Multivariate Representation Layer

Neighbor Information Propagation Based on Knowledge Graph. In the Web API
knowledge graph, various types of neighbor entities of users or Web APIs can be
found through different kinds of relationships. These relationships and entities
contain rich information, which can be used to describe users’ interests and
the characteristics of Web APIs. We can get the neighbor entities and neighbor
information set of each hop by continuously propagating along the relation edges
on the knowledge graph. The elements in the neighbor information set are in the
form of triples, which contain the relation information between entities. Neighbor
entities can be regarded as the natural extension of users’ historical interests
and Web APIs’ characteristics, and contain personalized information of users
and Web APIs. Therefore, through the propagation of neighbor information, we
can mine users’ potential preferences and interests, and capture the semantic
association between Web APIs.

In order to explore users’ needs through the propagation of neighbor infor-
mation in the Web API knowledge graph, we recursively define the set of k-hop
neighbor entities and k-hop neighbor information set for user u as follows:

Definition 1: Given user-Web API interaction matriz'Y and Web API knowl-
edge graph G, the set of k-hop neighbor entities for user u is defined as:

Eb={t|(h,r,t)eG and he&i '} (2)

where k = 1, 2, ...H, €0 = Ay{yua = 1} is the set of user u’s used Web APIs
in the past, which can be seen as the initial neighbor set of user u in Web API
knowledge graph G.

Definition 2: The k-hop neighbor information set of user u is defined as the

set of knowledge triples starting from e=1:

Sk={(h,rt)[(h,m,t) €G, he&i'} (3)

u

where k = 1, 2, ...H.
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Just as exploring the deep needs of users through the propagation of neighbor
information in the knowledge graph, Web APIs can also find their corresponding
neighbors through the connection with other entities in the knowledge graph,
and use neighbor information to accurately describe the characteristics of them.
The initial neighbors of one Web API are the users who have used the Web API
before. Similarly, we give the definitions of the set of k-hop neighbor entities and
k-hop neighbor information set of the Web API:

Definition 3: Given user-Web API interaction matriz'Y and Web API knowl-
edge graph G, the set of k-hop neighbor entities for Web API a is defined as:

EF={t|(h,r,t)eG and he&F '} (4)

where k = 1, 2, ..H, €9 = Ay{yua = 1} is the set of user’s used Web APIs
in the past, which can be seen as the initial neighbor set of user u in Web API
knowledge graph.

Definition 4: The k-hop neighbor information set of Web API a is defined as

the set of knowledge triples starting from ek=1:

Sk={(h,r,t)|(h,7,t) €G,heEF} (5)
where k = 1, 2, ...H.

The size of the neighbor information set refers to the number of neighbor
information in the neighbor information set. As the number of hops k increases,
the size of the neighbor information set may become too large, which may bring
some noisy data, and the influence of the noisy data is greater than that of the
valid data. Because the distance between entities after multiple hops is too far
from the initial node, the similarity between them decreases, and their features
play a relatively small role in users’ potential interest exploration and Web APIs’
characterization. Therefore, it’s necessary to select an appropriate number of
hops first, while fixing the size of the neighbor information set to avoid errors
and reduce the amount of computation. The selection of specific hop number
and neighbor information set size (neighbor size for short) will be discussed in
the experiment section.

User Multivariate Representation. The following is a detailed discussion on how
to mine users’ deep potential interests through knowledge graph neighbor infor-
mation propagation and obtain users’ multivariate representation. As shown in
Fig. 1, each Web API a is associated with a d-dimensional embedding q € R%.
Given the Web API embedding q and the one-hop neighbor information set S:
of user u, for each triple (h;,r;,t;) in S}, we compare head h; and relation r;

with Web API a, and the correlation probability w; is calculated as follows:

exp (qTRihi)
w; = softmax (qTR;h;) = ©)
( ) Z(h,r,t)es}i exp (qTRh)




Knowledge Graph Enhanced Web API Recommendation 31

where R; € R is the embedding of relation 7;, h; € R? is the embedding of
head h;, w; represents the similarity between the neighbor entity h; and Web
API a measured in the space of relation R;. Because different relationships will
also lead to different similarity between neighbor entity h; and Web API q, the
relationship embedding matrix R,; should be considered in calculation. Such as
Twitter API and Facebook API, if measured by their primary category relation,
they are more similar, but when measured by their secondary categories or tags,
they are less similar. For all triples in S., user’s potential interest propagates
from the head entity h; to the tail entity ¢; along the relation r;, and take the
calculated w; as the weight to weighted sum of all tail entities. Then the one-
order multivariate representation of user u after one-hop propagation is obtained
as follows:

u; = Z w;t; (7)

(hirit;)€SY

where t; € R? is the d-dimensional vector embedding of ¢;. The user u is rep-
resented by his neighbor information in the knowledge graph, rather than an
independent feature vector.

Then, the neighbor information of user u continues to propagate. When cal-
culating the two-hop user multivariate representation, we need to replace the
q in (6) with u; calculated by (7) and recalculate w;. For further propaga-
tion, S% i = 1,2,...,H for each hop, we repeat the above iterative operation
to calculate up, ug, ... ugg. Combined with the user multivariate representation
obtained by each hop propagation, the final multivariate representation of user
u is obtained as:

u=u; +us+..+uy. (8)

Web API Multivariate Representation. Similar to the method of obtaining mul-
tivariate representation, for the multivariate representation of Web APIs, we first
obtain the d-dimensional embedded representation vector of each user, and then
define the user embeddings and the one-hop neighbor information set S} with
users who have used Web APT a as head nodes. For each triple (h/;,7/;,t';) in
S}, we compare head h} and relation 7} with user u to calculate the correlation
probability w}, which is the similarity between each neighbor node h} and user
u under relation R}:

exXp (pTRlih/i)
Z(h’ﬂ",t/)ESé exp (pTth/)

where p is the embedding of user u, R/; € R?*? is the embedding of relation r/,
h/; € R? is the embedding of head h/.

Web APIs obtain various types of neighbors through the triple propagation
in KG. The information of neighbors arriving at each layer is aggregated to
enrich the feature representation of Web APIs. After one-hop propagation, the
multivariate representation of Web API a is:

w'; = softmax (pTR'ih'i) =

9)
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a; = Z w’,»t',- (10)

(h'i’!‘/iti/)esi

where t’; € R? is the d-dimensional vector expression.

Continuing to propagate along the relation edges in the Web API knowledge
graph to obtain the neighbor characteristics of the next layer of Web API a, we
use a; to replace u in (9), recalculate according to the above steps and repeat the
iterative process to obtain Web API a’s multivariate representation ag, az, ... ag
of each layer through H-hops. Finally, by overlaying the results of each layer, we
get Web API a’s multivariate representation obtained through the propagation
of the knowledge graph’s neighbor information:

a=aj;t+ay+..+ag (11)

Prediction Layer

According to multivariate representation layer, we get the final multivariate rep-
resentation u and a of user u and Web API a. The user multivariate representa-
tion u contains the history information of user u and its neighbor information in
the knowledge graph. The Web API multivariate representation a contains the
API itself and its neighbor information in the knowledge graph. Then we use the
inner product of user embedding and Web API embedding to get the predicted
probability value:

Jua = o (u"a) (12)
The loss function for KGWARec is as follows:

min £ = Z T(gua:yua) + % Z ||IT - ETREH;+
(u,a)€Y reR

A
o (nAné + U3+ BN + Y ||R||§>

reER

(13)

where A and E are the embedding matrices for all Web APIs and entities respec-
tively, and I, is the slice of the indicator tensor I in KG for relation r. In (13),
the first term is the cross entropy-loss function, which measures the difference
between the real value of the interaction matrix Y and the predicted value by
KGWARec, the second term is the loss for knowledge graph feature representa-
tion, and the third term is the parameter regularization loss, which is to prevent
over-fitting.
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5 Experiments

5.1 Preparation

Datasets. We crawl Web API-related data from the ProgrammableWeb plat-
form, and use historical interaction records between users and Web APIs as the
experimental dataset. The statistics of the experimental dataset are shown in
Table 2. In addition, under the premise of ensuring that the historical needs of
users are not changed, negative sampling is performed to reduce the imbalance
of positive and negative samples. This specific method is to randomly select a
set of Web APIs with no user behavior from all Web APIs, whose amount is
equal to the amount of data marked as 1, and mark the records composed of
APIs from the set and the users as 0 as negative samples.

All experiments are conducted using python-3.6.5 in Windows 10 OS. The
configuration is CPU i7-7700 @ 3.60 GHz, 8G RAM. The ratio of training set,
evaluation set, and test set is 6:2:2.

Table 2. Statistics for experimental dataset

Item Count
Web API |1,163
User 2,701

Interaction | 15,184
Sparsity 0.9953

5.2 Comparison

The following methods are selected as the baselines:

FM [25], considers the interaction between features and models the inter-
action of all nested variables. It can estimate reliable parameters in the case of
sparse data, so as to obtain the interaction prediction probability of user items.

AFM [26], introduces the attention mechanism into the feature crossover
module to learn the importance of different crossover features. The attention
score calculated by the attention network is used to weighted sum the interactive
features, and the FM model is extended.

NFM [27], is a neural network attempt of FM model. It combines the linear
intersection of FM to second-order features with the nonlinear intersection of
neural network to higher-order features to strengthen the expression ability of
the model.

MKR [28], automatically learns the high-order feature interaction between
the items in the recommendation system and the entities in the knowledge graph
through the cross-compression unit, and uses the multi task learning framework
for alternating learning to improve the recommendation quality.
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KGCN [29], combines the features of knowledge graph with graph convolu-

tion neural network, enriches the embedded representation of items by aggregat-
ing neighbor information, catch local neighborhood structure, and obtains the
personalized preferences of user.

KGNN-LS [30], develops a method based on label smoothness, designs a

loss function for label propagation, regularizes the edge weight in the process of
learning, and realizes better generalization.

(1)

The compared results are presented in Table 3.

Table 3. AUC and ACC results of different models

Model AUC |ACC
FM 0.8460 | 0.7621
AFM 0.8438 | 0.7663
NFM 0.8467 | 0.7370
MKR 0.7849 | 0.7906

KGCN 0.8502 | 0.8143
KGNN-LS |0.8779 | 0.8277
KGWARec | 0.9372 | 0.8763

It can be seen from Table 3, our KGWARec model achieves the best results
on the evaluation metrics AUC and ACC. Compared with the KGNN-LS
model with the best performance in the baseline model, the AUC and ACC
improvements of KGWARec is 5.7% and 4.9% respectively, indicating the
utilization of structural information and semantic information of knowledge
graph can achieve more accurate predictions under sparse scenarios.

By observing the results of ACC in the table, it can be seen that the per-
formance of MKR, KGCN, KGNN-LS and KGWARec, that is, models inte-
grated with the knowledge graph, perform better than the FM, AFM and
NFM without knowledge graph. This indicates that leveraging knowledge
graph as auxiliary information to recommendation can indeed provide richer
auxiliary information for recommendation tasks, optimize feature represen-
tation, and improve recommendation accuracy.

FM, AFM and NFM models also achieve better results in the case of
sparse interaction data, but the performance is not as good as the proposed
KGWARec model. The reason is that although models such as FM take
into account the intersection between features, but these models ignore the
semantic information of the relationship between features, while KGWARec
focuses on the role of different relational spaces.

KGCN, KGNN-LS and KGWARec have better performance than MKR,
which can show that mining knowledge graph by capturing neighbor infor-
mation in knowledge graph is effective. In addition, KGWARec utilizes the
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method of neighbor information propagation on the knowledge graph, and
enriches the multiple representations of users and Web APIs, which further
improves the recommendation performance.

(5) Figure2 shows the performance of each model under the evaluation
Recall@K. K is the number of selected Web APIs with the highest pre-
dicted value, and the value of K is 1, 10, 20, 30, 40, 50. It can be seen that
KGWARec also shows the best performance under the Recall@K indicator.

—&-KGWARec -S—FM —H- AFM NFM
MKR KGCN KGNN-LS
T T T

Recall@K

Fig. 2. The results of Recall@K.

5.3 Ablation Study

In this experiment, we study the impact of knowledge graph on Web API recom-
mendation. KGWARec-None indicates not using knowledge graph, KGWARec-
U and KGWARec-A indicate multi-representation of user and Web API using
knowledge graph, respectively. Experimental results are shown in Table 4.

Table 4. AUC and ACC results with different ablation strategy

Model AUC |ACC

KGWARec-None | 0.7121 | 0.4529
KGWARec-U 0.8166 | 0.6580
KGWARec-A 0.8701 | 0.7597
KGWARec 0.9372]0.8763

It can be seen from Table 4 that the performance of KGWARec-None is the
worst, ACC has not reached 0.5, which means that the classifier is unqualified.
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The reason is that user Web API interaction data is very sparse, KGWARec-
None do not use any auxiliary information of the knowledge graph, it is difficult
to characterize user’s interest or Web APT’s feature through the sparse interac-
tion. Compared with KGWARec-None, the AUC and ACC results obtained by
KGWARec-U and KGWARec-A are significantly higher, which well proves that
the neighbor information propagation method introduced into the knowledge
graph can effectively improve the data sparsity problem. KGWARec obtains the
best results, compared with KGWARec-A, the AUC is increased by 7.7%, and
the ACC is increased by 15.3%, which further proves the theoretical validity of
this model. The addition of structural information and semantic information will
have a positive impact on the recommendation, it is very meaningful to enrich
the multiple representations of users and Web APIs at the same time.

5.4 Impact of Hop Number and Neighbor Size

The hop number and neighbor size are the two main factors of our model. Specif-
ically, if the number of hops and neighbor size is too small, the correlation and
dependency between entities cannot be explored, and if the hop number and and
neighbor size is too large, it will bring some noise data and affect the perfor-
mance of the algorithm. In order to get the appropriate hop and neighbor size,
we change the hop and neighbor size at the same time to observe the changes
of evaluation indicators AUC and ACC, which not only ensures the best repre-
sentation of the characteristics of Web API and users’ interests, but also avoids
the influence of too much noise information.

(b) ACC (c) Time per epoch (d) Training Time

Fig. 3. Impact of hop number and neighbor size

By observing Fig. 3(a), it can be seen that when the number of hops is selected
as 1, the value of AUC is low, and then it first increases and then decreases with
the increase of the number of hops. The change trend of AUC with the size of
neighbors also increases first and then decreases. At the same time, it can be
observed that the AUC results are better when the hop count is 2, the neighbor
size is 16, the hop count is 3, the neighbor size is 32, and the hop count is
4, and the neighbor size is 64. It can be clearly observed in Fig.3(b) that the
ACC reaches a maximum of 0.8749 when the hop count is set to 2 and the
neighbor size is set to 16. Therefore, although the AUC values obtained at 3
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hops of 32 neighbors and 4 hops of 64 neighbors increase slightly for 2 hops
of 16 neighbors, the magnitude is very small, while the ACC is at 3 hops of 32
neighbors and 4 hops of 64 neighbors. There is a significant decrease in neighbors,
so the performance of AUC and ACC is comprehensive, and it is believed that
setting the number of hops to 2 and the size of neighbors to 16 can make the
model reach the optimum.

Figure 3(c) and Fig.3(d) shows the effect of the hop and neighbor size on
training time per epoch and the total training time. It can be obviously observed
that the training time is increased with the rising of hops and neighbor size, which
demonstrates that the efficiency of KGWARec is affected by hop and neighbor
size.

5.5 Impact of Embedding Size

In this section, we study the effect of embedding size on the performance of our
model KGWARec. We adjusted the embedding size from 2 to 32, while keeping
the other parameters unchanged. The values of AUC and ACC are shown in
Fig.4(a) and Fig. 4(b).

09202

0824

(a) AUC (b) ACC (c) Time per epoch (d) Training Time

Fig. 4. Impact of hop embedding size

It can be observed from the research results that the accuracy of our
KGWARec model has been improved at the beginning, because more useful
information can be obtained by appropriately increasing the embedded dimen-
sion. When the embedding size approach 8, the best experimental results are
reached, and then it begins to decline. Figure4(c) and Fig.4(d) show the val-
ues of training time per epoch and total training time under different embedding
sizes. We can clearly see that training time is linear with the increasing of embed-
ding size, illustrating the efficient of our KGWARec model related to embedding
size.

5.6 Convergence of KGWARec

To evaluate the efficiency and convergence of KGWARec, we observe the train-
ing time of KGWARec and investigate whether the prediction results converge
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through the increasing of training epoch. Figure 5(a) and (b) report the train-
ing time of each epoch and the total training time of KGWARec respectively.
Figure 5(c) and (d) present the values of AUC and ACC for each epoch, and the
training loss as the epoch grows, respectively.

oo} AT
Ace

Number of epoch Number of epoch Nubmer of cpoch Number of cpoch

(a) Time per epoch  (b) Training time (¢) AUC and ACC (d) Loss

Fig. 5. Convergence of KGWARec

As can be seen in Fig.5(a), the training time of each epoch fluctuates in
a small range, which show that our algorithm is stable. In Fig.5(b), the total
training time increases linearly with the training epoch, showing that the training
epoch is also one of the factors affecting the efficiency of our algorithm. By
observing the curve in Fig.5(c), it can be see that, the value of AUC and ACC
first increase significantly and then gradually stabilized with the increase of
epoch. The loss curve in Fig.5(d) first decreases rapidly and then tends to be
stable with the increase of epoch. These results can strongly prove that our
method has good convergence within the effective training times.

6 Conclusion

In this paper, we presented a knowledge graph-enhanced Web API recommenda-
tion model based on neighborhood information propagation method. To this end,
we first use the crawled real-world Web API data to build a Web API knowl-
edge graph, and then propose a neighbor information propagation method to
make full use of the higher-order structural information and contextual semantic
information in the knowledge graph for obtaining the multivariate representa-
tion of users and Web APIs. The probability of users’ interest to the target Web
API is predicted through the multivariate representation of users and Web API.
KGWARec uses an end-to-end joint training method to update parameters, no
manual feature extraction is needed. Finally, experimental results demonstrate
the superiority and effectiveness of our KGWARec model. And it proves that
improving Web API recommendation performance by incorporating with knowl-
edge graph neighbor information is a correct research route. In the near future,
we plan to further improve the accuracy of Web API recommendation from the
perspective of API complementarity by using knowledge graph.
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